Background
examination. Blood samples were collected on the day of the colonoscopy. Serum biochemical tests were carried out using an automatic analyzer at the Department of Laboratory Medicine at Samsung Medical Center.
Screening colonoscopies
All colonoscopies were performed by board-certified endoscopists. During colonoscopy, the location, size, number, and appearance of CRN were recorded. The location was assessed by the endoscopists, and the size was estimated using open biopsy forceps. The gross appearance of each lesion was classified using Paris endoscopic classification [18] . All of the colorectal lesions were histologically evaluated and classified according to the World Health Organization classification [19] . However, because the colonoscopy and pathology reports were described by the performing endoscopists and pathologists, the natural language for describing the lesions was different in each report despite using standardized terms. For example, even though the information was the same, the endoscopists used different units, such as cm or mm, and various modifiers, such as elevated, raised, upraised, protruded, and bulged. Therefore, the reports were considered to contain unstructured data, and it was difficult to extract unified forms of variables in real practice.
Data collection
This study used only de-identified medical records that were collected for administrative or clinical purposes as part of routine health screening examinations in the Center for Health Promotion of Samsung Medical Center. The Center for Health Promotion provides researchers de-identified information for biomedical research, which was approved by the Institutional Review Board of Samsung Medical Center for studies that investigate decision-making and the relationships and potential patterns between disease progression and management. The EMRs included both structured and unstructured data. Structured data refer to information that was organized in a row-column database including demographics, physical measurement, smoking, alcohol drinking, physical activity, co-morbidities, aspirin use, and laboratory biochemical measurements. Unstructured data refers to information that does not reside in a traditional row-column database including the free text from colonoscopy and pathology reports. This study was approved by the Institutional Review Board of Samsung Medical Center, which waived the requirement for informed consent because the researchers only obtained de-identified routinely collected data from the institution's clinical data warehouse.
Unstructured text data analysis: Concept Extraction-based Text Analysis System (CETAS)
Among the data collected in this study, we obtained the data about the number and size related to CRN from the free text of the colonoscopy reports, and the histology and dysplasia grade related to CRN from the free text of the pathology reports. Unstructured data were transformed from text to numerical data by the CETAS. The CETAS is based on SAS Enterprise Contents Categorization 12.2 (SAS Institution; Cary, NC, USA), and it does not have add-on modules, such as text mining. SAS ECC 12.2 is an NLP solution that is separate from SAS Base; since it has a built-in LITI (Language Interface Taxonomy Interface) for performing Concept Extraction in a simple and effective manner in the text, it offers a solution that enables rule-based construction of the matching of terms and extraction (Fig 1) [15, 20] .
1. Concept dictionary. In order to create a Concept Dictionary that underlies the configuration of the Concept Extraction Rule, by extracting about 500 colonoscopy tests and pathologic result reports in a random sampling manner, the terms that represent the information for the colorectal polyps which is the number, location, size, histology, dysplasia grade through a natural language processing methodology are organized and cleansed. In this process, in order to determine, the standard terminology of non-standard terms included in the EMR database, a Concept Dictionary was configured by referencing the SNOMED 3.x.
2. Preprocess. A pretreatment process for changing the colonoscopy reports created in different sentence structures by each endoscopists into coherent sentence structures is constructed (Fig 2) . The Preprocessing is comprised of two operations. Task1 is composed of functions that delete or change the special symbols that became non-standardized special symbols, accuracy of the Concept Extraction Rule built in the CETAS, finally, Precision and Recall were calculated through a random sampling of 50 specimens from the 3 months, and the Precision and Recall were each 99.27% and 99.83%, respectively (Table 1) . After validation, unstructured data from remaining 48950 colonoscopy and pathology was transformed text to numerical data.
Study design
We performed a cross-sectional analysis of patients ! 20 years of age who underwent their first screening colonoscopy. The exclusion criteria were as follows: 1) incomplete colonoscopy, 2) poor (semisolid stool that could not be suctioned or washed away and less than 90% of surface seen) and inadequate (repeat preparation and colonoscopy needed) bowel preparation, 3) incomplete colonoscopy report about the number and size related to CRN, 4) incomplete pathology report about the histology and dysplasia grade related to CRN, 5) history of previous colonoscopy, 6) history of colorectal polyps, cancer, or surgery, and 7) inflammatory bowel disease.
Definition of outcome measurement
An advanced CRN was defined as a cancer or adenoma that was at least 10 mm in diameter and had high-grade dysplasia, villous or tubulovillous histological characteristics, or any combination thereof [23] . For patients with multiple neoplasms, the size and appearance of the neoplasms with advanced pathology or of the largest polyp were reported. The main outcome measurement in this study is an advanced CRN detected by means of a colonoscopy and evaluated pathologically. 
Prediction model
Structured data and unstructured data transformed from text to numerical data using the CETAS were used as the input variables of the prediction model. The enrolled subjects were randomly partitioned into a training set and a validation set using a 50-50 allocation. Candidate predictors with P < .10 in univariate analyses were included in the multivariable logistic regression. Backward selection was used to remove variables with not significant (P < .05) contributions to the multivariable model fit. Two prediction models were fitted. The first one used both inquiry and lab variables, and the second only used inquiry variables.
Model performance and calibration
A two-sided alpha of 5% was used as insertion and deletion criteria of the two-stage variable selection in fitting a prediction model (i.e., training). The prediction score from the fitted prediction model was applied to the validation set, and the performance of the prediction model was evaluated using area under receiver operating curve (AUC) analysis. Models with a AUC near 1 suggest excellent predictive ability, and an AUC near 0.5 indicates hardly any predictive ability. The calibration is a measure of how accurately the predicted probabilities of advanced CRN inferred from the training set match the subsequently observed event rate in the validation set. The negative predictive value (NPV) is the probability that a patient who is termed "no disease" by the risk score really has no disease. We want this probability to be very high (at least 99%) so as not to miss any significant disease. A cutoff value for the trained risk score was identified and shown to have over 99% negative predictive value when applied to the test set and the combined data set.
Results

Study population
A total of 70,959 consecutive subjects underwent screening colonoscopy during health screening examinations at the Center for Health Promotion. We excluded 21,509 subjects who had incomplete or unsuitable reports for text analysis; poor bowel preparation; incomplete colonoscopy; or history of previous colonoscopy, colorectal polyps, cancer, or surgery, or inflammatory bowel disease. For subjects who underwent multiple colonoscopies, we selected the first colonoscopy for the present analysis. Finally, this study used only de-identified data from 49,450 participants who underwent their first screening colonoscopy and a health check-up. A flow diagram of the study population is shown in Fig 4. Of the eligible 49,450 patients who underwent their first screening colonoscopy, 27,688 were male (55.99%) and 21,762 were female (44.01%), all were Korean, and the mean age was 49.86 ± 9.33 years. One or more colorectal adenomas were found in 14,716 (29.8%) patients, 1,025 (2.1%) of whom had advanced adenoma, and 92 of whom had invasive cancer (0.2%). The overall prevalence of advanced CRN was 2.3%. The clinical characteristics of the enrolled participants are listed in Table 2 . Enrolled participants were randomly divided into training and validation sets using a 50-50 allocation.
Identifying risk predictors and developing a candidate risk prediction model
To identify the patients with advanced CRN among the individuals who underwent their first colonoscopy, a stepwise logistic regression using all available variables listed in Table 1 was conducted for the imputed training set. We identified age, gender, diabetes, aspirin use, smoking duration, alcohol drinking frequency, drinking duration, uric acid, and γ-glutamyltransferase as the potential predictors (Table 3) . Predictors for advanced CRN were refined using the complete data from the training set and excluded drinking duration and uric acid due to Pvalues > 0.3. Finally, age, gender, smoking duration, alcohol drinking frequency, aspirin use, and γ-glutamyltransferase were included in the prediction model (model 1). The prediction Among the identified predictors, γ-glutamyltransferase was the only laboratory parameter that requires blood sampling and laboratory costs. When γ-glutamyltransferase was removed from the prediction model, all predictors could be obtained from a simple questionnaire, and a simple 5-item risk index could be readily determined from the questionnaire clinical data. The final prediction model was constructed with age, gender, smoking duration, alcohol drinking frequency, and aspirin use (model 2). The prediction score from the refined prediction models 1 and 2 was determined by the following equation: 
Evaluating the performance of the prediction model
Discrimination refers to the ability to separate the variables with events from those without events. Using the prediction models 1 and 2, AUC values were calculated and used to evaluate the discrimination power of the prediction models. The AUC for prediction model 1 was 0.716 for the training set and 0.701 for the validation set (Fig 5A) , whereas the AUC for prediction model 2 was 0.726 for the training set and 0.713 for the validation set (Fig 5B) . Model 2 showed slightly higher discriminatory ability than model 1, although the risk factors were eliminated. The reason why model 2 was superior to model 1 was that the number of participants included in the calculation was larger in model 2 (training set: n = 18,874, validation set: n = 19,199) than model 1 (training set: n = 18,900, validation set: n = 19,277). Prediction model 2 was selected as the final prediction model for advanced CRN. The calibration is a measure of how accurately the predicted probabilities of advanced CRN inferred from the training set match the subsequently observed event rate in the validation set. The individuals included in the training set were divided into deciles according to predicted risk for advanced CRN. Then, the predicted rate of the training set and observed rates of the validation set in each category were compared (Fig 6) , indicating good calibration performance. To improve clinical utilization, cut-off values were set at the point of discrimination between the high-and low-risk group for advanced CRN in simulated calibration charts. Between the sixth and seventh deciles, the risk of advanced CRN increased from 1.51% to 2.45% in the training set and 1.50% to 2.45% in the validation set. The cut-off value of -4.195 was set at this point between the sixth and seventh deciles ( Table 4) .
Discrimination of the low-risk group from the high-risk group for advanced CRN Based on the cut-off value, a simplified prediction model for discrimination of the low-risk group from the high-risk group for advanced CRN was constructed ( Table 5 ). The high-risk group had a 3.7-fold increased risk of advanced CRN compared to the low-risk group (1.1% vs. 4.0%, P < .001). In the training set, the sensitivity, specificity, accuracy, PPV, and negative predictive value (NPV) of the simplified prediction model were 73.3%, 61.0%, 61.3%, 3.9%, and 99.1%, respectively. In the validation set, the sensitivity, specificity, accuracy, PPV, and NPV were 70.8%, 61.2%, 61.4%, 4.0%, and 98.9%, respectively.
Comparison of the discrimination performance of the final model with previous published prediction models for advanced CRN In the validation set, the discrimination performance of the final model was compared with that of the advanced CRN (ACN) index [14] and Asia-Pacific Colorectal Screening score (APCS) [12] using the AUC (Fig 7) . The AUC of the final model was 0.716 (95% CI, 0.691-0.741), whereas that of the ACN index was 0.672 (95% CI, 0.645-0.699), and that of the APCS was 0.678 (95% CI, 0.651-0.705). The discrimination performance of the developed model for Advanced CRN prediction model high-risk patients with advanced CRN was better than that of the ACN index (P < .001) or APCS (P < .001).
Discussion
Big data can improve health by providing insights into public health, such as enhanced disease prediction and prevention. Using a big data analytics algorithm, we explored a large health screening examination database. The refined database with structured and unstructured data contained first screening colonoscopy and comprehensive health examination data from 49,450 patients. Big data can not only be applied for verifying alleged associations, but can also be used as a hypothesis-generating machine [24] . In this study, we generated a prediction model for advanced CRN, which might be the first trial for utilization of big data analytics in the field of gastroenterology. The final simplified prediction model was shown to have acceptable discriminative power for patients with advanced CRN. Our simple risk score using easily available information from the patient's clinical questionnaire stratified asymptomatic patients into low-and high-risk groups for advanced CRN before a screening colonoscopy was performed. The discrimination performance of the developed model for high-risk patients with advanced CRN was better than that of existing models. Based on our results, it is deemed to be inefficient to undergo colonoscopy screening for patients in the low-risk group due to the low probability of advanced CRN as well as the cost and risk associated with colonoscopy. The specificity of our prediction model was not sufficiently high, but the NPVs in this prediction model were as high as 99%. Since this study was populated by asymptomatic individuals who underwent health check-ups, and not symptomatic patients, our objective was to develop and validate a prediction model for estimating the probability of having advanced CRN. We hope to apply this proposed prediction model for the purpose of identifying patients who may not need to undergo a colonoscopy.
There were many studies reporting different risk scoring system for CRC; however, almost none of them can be translated into clinical practice. It is possible because the fecal occult blood test is in fact very convenient, the result is straightforward, and the cost is low. In Korea, a national CRC screening has been in place using fecal immunochemical testing (FIT). The limitation of a stool-based test such as FIT is that it is a diagnostic tool only for the early detection of CRC. Recent guideline grouped the CRC screening tests into cancer prevention and cancer detection tests [25] . The benefits of cancer prevention test can eliminate advanced CRN and prevent CRC. Cancer prevention tests are preferred over detection tests. The goal of CRC screening shifted from "screening detection to prevention by polypectomy [26] ." As such, the present study aimed to develop and validate a prediction model for estimating the probability of having advanced CRN and not CRC. Therefore, we think it is difficult to directly compare the predictive model based on FIT with a colonoscopy.
The issue of developing a prediction model for advanced CRN is not novel and several other models already exist. Our study has implemented a predictive model using varied clinical variables acquired in real-world clinical practice. Our prediction model showed more effective prediction for advanced CRN than previous proposed advanced CRN prediction models. We chose to compare our prediction model to studies by Schroy et al [14] . and Yeoh et al [12] . The reason we chose the studies by Schroy et al [14] . and Yeoh et al [12] . is because both studies evaluated advanced CRN predictability and were well designed. The study by Imperidale et al. was also a well-designed study [10] , but the outcome measurement was advanced proximal advanced CRN. Therefore, we thought Imperidale's study was inappropriate for comparison with our model. Our study was performed with a large population who underwent their first colonoscopy and a comprehensive health screening examination, which may minimize sampling error and Advanced CRN prediction model represent real-world practice and enhances its usefulness in facilitating shared decision-making for individuals who need CRC screening. The use of EMR systems among healthcare providers has spread widely over the past decade [15] . Using text from EMR system, we applied NLP and the CETAS method to demonstrate the replicability of manual chart review. Previous studies have revealed the utility of NLP in extracting information from clinical text [20] [21] [22] . In addition, our risk prediction models use extensive independent variables to estimate the probability of having or developing advanced CRN. Therefore, the discrimination performance of our model for high-risk patients with advanced CRN was better than that of existing models.
Our study had some limitations. External validation could not be performed, so there are concerns about overfitting and generalizability. In addition, the model was developed using a database of patients willing to undergo screening colonoscopy (It is a selected population of 70,959 subjects who underwent colonoscopy screening. It is furthermore selected once more because 21,509 subjects are excluded from the analysis); on that account, it is unclear whether our model can apply to the patients unable or unwilling to undergo colonoscopy. Our study population was quite young for routine screening colonoscopies. The mean age of study population was 50 years old and this may explain why the overall rate of advanced CRN of 2.3% in this study. However, all included subjects underwent colonoscopy as a part of their health check-up. So, even though the patients were young, they did not have symptoms or a family history of CRC. Furthermore, given the long time needed for an adenoma to progress to a carcinoma, the increased number of cases of CRC diagnosed in this age group may originate from adenomas present in individuals in their 40s or earlier [17] . These cancers may be prevented by colonoscopy with polypectomy of premalignant lesions in the preceding decade. Despite this theoretical argument for screening individuals in their 40s or earlier, we included patients who underwent colonoscopies at any age and analyzed the age as continuous variables to develop a prediction model. In addition, we used the mean substitution technique as imputation to deal with missing predictor values in training set. Mean substitution has the benefit of not changing the sample mean for that variable, however mean imputation attenuates any correlations involving the variables that are imputed. The mean imputation has some attractive properties for univariate analysis but becomes problematic for multivariate analysis. Although we used the dataset applied mean substitution technique during univariate logistic regression for the identification of predictors and not used during multivariate logistic regression, the uncertainty in the imputation can lead to overly precise results and errors in our prediction model [27, 28] .
Despite these weak points, our model can serve as a clinically useful tool for facilitating shared decision-making related to select the screening modalities for early detection and prevention of CRC, especially when the provider and patient preferences differ. If physicians could predict which patients are at increased risk before colonoscopy, it is possible that they might make better decisions about screening. We developed a simple risk scoring model easily available by questionnaire and precisely identified low-and high-risk groups for advanced CRN at the first screening colonoscopy. This model may increase CRC risk awareness and help healthcare providers encourage the high-risk group to undergo colonoscopy. Furthermore, by identifying the patients with a high risk of advanced CRN, the present model may help to target primary prevention interventions. Once it has been externally validated, the model will be useful to facilitate more effective shared decision-making for CRC screening.
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